The essence of the machining process is the interaction that occurs between machine tools and a workpiece under certain conditions of cutting parameters. Root cause identification (RCI) is critical to the quality control and productivity improvement of machining processes. The geometric error caused by fixture faults can be identified in most RCI methods; however, the influence of machine tool degradation on workpiece quality is usually neglected. In this paper, a novel root cause identification scheme of machining error based on statistical process control and fault diagnosis of machine tools is proposed. With the pattern recognition of control charts, quality fluctuations can be detected in a timely manner. Once the machining error occurs, the fault diagnosis of machine tools are carried out. The relationship between machine tool condition and workpiece quality is established and the root cause identification of the machining error can be achieved. A case study of the machining of a complex welded box-type workpiece is presented to illustrate the feasibility of the proposed scheme. It is found that the coaxiality error of the two holes in two sides of the box's wall is caused by the wear of the worm gear in the rotary work table of the machine tool.
Introduction
In order to maintain competition, manufacturing enterprises have to cope with growing demands for increasing product quality, greater product variability, and less cost. Quality control is a lasting topic in manufacturing engineering. In the past, quality in terms of geometric variation has been studied extensively. Many researchers have focused on modeling and controlling variation sources such as static deformation, kinematic error, thermal error, tool wear and vibration induced error. Statistical process control (SPC) is widely used in manufacturing processes for process monitoring and anomaly detection. SPC can sound the alarm for process anomalies; however, it cannot identify the root causes of the alarm. Thus, root cause identification (RCI) is critical to the quality control and productivity improvement of manufacturing processes.
The RCI methods in manufacturing processes can be divided into artificial intelligence (AI)-based methods and model-based methods. Artificial neural networks (ANNs) have been applied to improve data analysis and quality control in manufacturing processes [1] . It is well known that detecting the change point is an essential step in root cause identification, so some researchers have used ANNs to identify the change point at which the mean vector shifted [2, 3] . Although ANN-based methods are efficient ways to detect the changes in the process mean vector, the root causes leading to these changes cannot be identified. In order to identify the root cause of process variations, process monitoring and diagnosis approaches based on Bayesian network [4] , modified Bayesian classification [5] , and dynamic Bayesian network [6] have been proposed. As for model-based methods, state space models are widely used, especially in multi-station manufacturing processes. A number of methodologies based on state space models have been presented for the diagnosis of fixture failures and dimension error in multistage manufacturing processes [7] [8] [9] . The state space models in the multistage manufacturing processes can characterize the propagation of fixture fault variation along the production stream. However, due to the presence of various uncertain factors in the manufacturing process, it is not enough to describe workpiece quality only in the geometrical dimensionality, and the causes of machining error are various and not limited to the fixture fault.
Fault diagnosis is an effective method for root cause identification. With the increase of service time, the performance of the machine tool degrades, such as spindle-bearing damage or the wear of guide and transmission components. The performance degradation of machine tools results in machining error and low-precision parts. To date, the condition monitoring of machining processes and machine tools has been studied widely to detect tool wear/breakage [10] [11] [12] [13] [14] [15] , spindle bearing damage [16] [17] [18] , and chatter onset [19] [20] [21] effectively. However, there is still a gap between the fault diagnosis of machine tools and the root cause identification of machining error. On one hand, researchers in the field of machine condition monitoring (MCM) focused on running the state identification of machine tools and cutting processes; however, the influence of the machine tool state on the workpiece quality was usually neglected. On the other hand, investigations into root cause identification of machining errors were primarily conducted by varying the source transmission in a multistage manufacturing process. Through this method, the geometric errors caused by fixture faults can be identified, but other error sources induced by machine tool degradation are not considered.
In order to bridge the gap between the fault diagnosis of machine tools and the root cause identification of machining error, a novel scheme based on statistical process control and fault diagnosis of machine tools is proposed for the root cause identification of machining error. With the pattern recognition of control charts, the quality fluctuations can be detected in a timely fashion. Once the machining error occurs, the condition monitoring and fault diagnosis of machine tools are carried out to identify the root cause. An application case is used to demonstrate the feasibility of the proposed scheme.
The Root Cause Identification Method Based on Statistical Process Control and Fault Diagnosis
The essence of the machining process is the interaction process that occurs between the machine tool and the workpiece under certain cutting parameters. The input is the cutting parameters, such as cutting speed, feed speed, and depth of cut, while the output is the surface roughness, part dimension, and so on. The dynamic characteristics of the machine tool determine the machining accuracy. With the increase of service time, the performance of machine tools' main components degrades. Bearing damage and other faults in the transmission system may occur, which will eventually cause the reduction of machining accuracy. With the pattern recognition of control charts, quality fluctuations can be detected in a timely fashion. Meanwhile, the machine tool condition is monitored in real time with condition monitoring systems. The root cause identification of machining error can be achieved at the machine tool level by mapping the relationship between the machine tool state and the workpiece quality. Figure 1 shows the scheme of root cause identification based on the statistical process control and fault diagnosis of machine tools.
The information of machine tool condition and workpiece quality is the foundation of the root cause identification of machining error. In order to obtain the full operational information of machine tools, a sensor network is used to collect the condition information via monitoring systems.
Due to the nonlinearity of machine tools in machining processes, the measured signals are usually non-stationary with noise. Advanced signal processing techniques are needed to extract features from the measured data. Through control charts and process capability analysis, the current fluctuations of quality can be monitored. If there are abnormal patterns, then abnormal process pattern recognition will be carried out, and the fault diagnosis of machine tools will be conducted to provide proofs for root cause identification. features from the measured data. Through control charts and process capability analysis, the current fluctuations of quality can be monitored. If there are abnormal patterns, then abnormal process pattern recognition will be carried out, and the fault diagnosis of machine tools will be conducted to provide proofs for root cause identification. 
Application
The proposed RCI scheme is open in concept, and can thus use different fault diagnosis methods according to various cases. In this paper, the scheme is applied to the machining process of a complex welded box-type workpiece, as shown in Figure 2 . The box's overall dimensions are large, with thin walls. The overall rigidity of the part is low, and many areas need to be processed. In addition, welding stress and compression deformation occur easily. In the machining process of several previous batches, the coaxiality (Φ0.01 mm) of two holes (hole A and hole B, Φ200H8) in the two sides of the box's wall were unable to meet requirements. The method in this paper is used for the root cause identification of the coaxiality error. 
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Control Charts and Process Capability Analysis
The machining process of hole A and hole B is outlined as follows. Firstly, hole A was milled with the size of Φ200H8. Next, the rotary work table was rotated by 180 • , and then hole B was milled with the size of Φ200H8. The detailed process steps are shown in Table 1 . Process capability analysis to ensure the coaxiality of hole A and hole B (Φ0.01 mm) was employed as follows. The quality information and the coaxiality of hole A and hole B were measured in the 24 groups. As shown in Table 2 , the maximum of measurement value (M a ) is equal to 20 µm, and the minimum (M i ) is equal to 5 µm.
(1) These 24 data are divided into six groups (i.e., K = 6) and there are four data in each group, then calculate the distance of each group:
(2) Calculate the upper and lower boundary value of each group and determine the occurrence frequency and frequency density, as shown in Table 3 . The distance between every two adjacent groups is h = 3. (3) Calculate the process capability index C p and standard deviation σ.
The mean of the measured coaxiality is:
The standard deviation of the measured coaxiality is:
The maximum of the measured coaxiality is:
The process capability index is:
Since C p < 0.67, the process capability is insufficient. (4) Draw the control distribution chart using frequency density as the ordinate and the distance of groups as the abscissa, as shown in Figure 3 . From the distribution chart (Figure 3 ), it can be seen that the dispersion range is wide and not centered, and the actual distribution chart is the bimodal curve with a superposition of two normal distribution curves. Therefore, random error may be mixed with the constant systematic error, such as the rotation error of the rotary work table, the clamping deformation of the workpiece, and the deviation from the cylindrical form of holes caused by the thermal deformation of tools. From the distribution chart (Figure 3 ), it can be seen that the dispersion range is wide and not centered, and the actual distribution chart is the bimodal curve with a superposition of two normal distribution curves. Therefore, random error may be mixed with the constant systematic error, such as the rotation error of the rotary work table, the clamping deformation of the workpiece, and the deviation from the cylindrical form of holes caused by the thermal deformation of tools. 
Analysis of Root Cause
In an actual machining process, the root cause identification of machining error is a comprehensive problem, and the key is to identify the main error affecting the machining accuracy under specific conditions. 
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According to the analysis of the process capability and distribution chart, it can be derived that the main factors affecting the coaxiality error are the deformation caused by clamping force, the accumulated error from previous procedures, and cutting conditions.
In terms of the deformation caused by clamping force, the dial indicator was applied to support the plate and to observe that the reading on the dial indicator is within 0.01 mm. However, after the actual processing, the error still existed, so the deformation caused by clamping force can be excluded.
As for the accumulation of process error, the accuracy in the last step was strictly controlled and the heat treatment was used to eliminate the generated stress. For the influence of cutting conditions, according to the working experience, a decrease in cutting depth and an appropriate increase in cutting speed are very useful to control the workpiece deformation; however, after several attempts, the coaxiality error still could not be eliminated.
Finally, we considered that the main cause of this coaxiality error was from the machine tool itself, and the preliminary judgement was that the error was caused by the performance degradation of the rotary work table.
Condition Monitoring and Fault Diagnosis of the Rotary Work Table
The drive system of the rotary work table is shown in Figure 4 , which contains two levels of transmission. The transmission ratio of the belt drive and worm gear are 2. According to the analysis of process capability and distribution chart, it can be derived that the 149 main factors affecting coaxiality error are deformation caused by clamping force, the accumulated 150 error from previous procedure and cutting conditions.
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Condition monitoring and fault diagnosis of the rotary work table
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The drive system of the rotary work table is shown in Figure 4 , which contains two levels of 178 during rotation ( Figure 5 ). The sampling frequency was set as f s = 12.8 kHz. • Signal processing and feature extraction
The vibration signal and its frequency spectrum in the X direction of the rotary work table are shown in Figure 6 . There are three concentrated peaks at 858 Hz, 1524 Hz, and 1960 Hz. These frequencies are much higher than the rotating frequencies of the pulley and motor, and may be the resonant frequencies of the rotary work table's structure. Wavelet transform is one of the most popular time-frequency-transformations, and can provide us with the frequency of the signals and the time associated to those frequencies, making it very convenient for its application in mechanical signal analysis. Applying wavelet decomposition of the original signal to three levels, the approximation signal A3 and three detailed signals D1, D2, and D3 are obtained and shown in Figure 7 . Among them, A3 belongs to the frequency band 0~0.8 kHz, and the frequency band widths of D3-D1 are 0.8~1.6 kHz, 1.6~3.2 kHz, and 3.2~6.4 kHz, respectively. 
Signal processing and feature extraction
The vibration signal and its frequency spectrum in the X direction of the rotary work table are shown in Figure 6 . There are three concentrated peaks at 858 Hz, 1524 Hz, and 1960 Hz. These frequencies are much higher than the rotating frequencies of the pulley and motor, and may be the resonant frequencies of the rotary work table's structure. • Signal processing and feature extraction
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Identification of error sources
The transmission system is relatively simple. The vibration of the motor is greatly reduced through the soft belt and the motor frequency does not appear in the spectrum of the vibration signal. Thus, the motor is unlikely to affect the rotation accuracy of the output shaft.
In the wavelet analysis result of the vibration signal, it can be found that the main frequency components of its envelope demodulation spectrum are the worm's rotation frequency and its harmonic frequencies. The vibration of the worm gear excites the natural frequency of the work table and causes the amplitude modulation phenomenon. In fact, failure modes of the worm gear are similar to those of the gear pair, such as wear, fatigue pitting, surface spalling of teeth, etc. Because the material of the worm gear teeth is usually softer than that of the worm and because the relative sliding at meshing is large, abrasive wear is prone to occur, and the failure always occurs on the worm gear. The wear of the worm and worm gear leads to the vibration increase of the rotary work table and a larger amplitude at the rotation frequency of the worm compared to the normal condition. An impulse is generated once per revolution when the worm and worm gear enter into the mesh area. Combined with the signal analysis results, the sever wear of the worm gear can be confirmed. Due to the wear of the worm gear, the clearance in the mesh area results in the decreased rotating accuracy of the rotary work table. Since other factors (e.g., clamping force, the accumulated error from previous procedures, and cutting conditions) affecting coaxiality error are excluded, the accuracy degradation of the rotary work table becomes the primary reason for the machining error.
Conclusions
In this work, a novel root cause identification scheme to identify machining error based on the combination of the statistical process control and fault diagnosis of machine tools was proposed. The SPC was used to detect fluctuations of the workpiece quality, while the fault diagnosis of machine tools was employed to identify failure parts that affect machining accuracy. The relationship between the machine tool condition and the workpiece quality was established to achieve deep root cause identification of the process error. The scheme was verified with the machining of a welded box-type workpiece as a case study. The results showed that the surface wear of the worm gear resulted in the decreased precision of the rotary work table and subsequently the coaxiality error of the two holes in two sides of the box's wall. In future work, the online vibration measurements and coaxiality measurement during machining will be carried out in order to elucidate the relationship between the coaxiality and vibration. 
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